Crossbreeding is currently increasing in dairy cattle production. Several studies have shown an environment-dependent heterosis [i.e., an interaction between heterosis and environment (H × E)]. An H × E interaction is usually estimated from a few discrete environment levels. The present study proposes a reaction norm model to describe H × E interaction, which can deal with a large number of environment levels using few parameters. In the proposed model, total heterosis consists of an environment-independent part, which is described as a function of heterozygosity, and an environment-dependent part, which is described as a function of heterozygosity and environmental value (e.g., herd-year effect). A Bayesian approach is developed to estimate the environmental covariates, the regression coefficients of the reaction norm, and other parameters of the model simultaneously in both linear and nonlinear reaction norms. In the nonlinear reaction norm model, the H × E is approximated using linear splines. The approach was tested using simulated data, which were generated using an animal model with a reaction norm for heterosis. The simulation study includes 4 scenarios (the combinations of moderate vs. low heritability and moderate vs. low herd-year variation) of H × E interaction in a nonlinear form. In all scenarios, the proposed model predicted total heterosis very well. The correlation between true heterosis and predicted heterosis was 0.98 in the scenarios with low herd-year variation and 0.99 in the scenarios with moderate herdyear variation. This suggests that the proposed model and method could be a good approach to analyze H × E interactions and predict breeding values in situations in which heterosis changes gradually and continuously over an environmental gradient. On the other hand, it was found that a model ignoring H × E interaction did not significantly harm the prediction of breeding value under the simulated scenarios in which the variance for environment-dependent heterosis effects was small (as it generally is), and sires were randomly used over production environments.
IntrODuCtIOn
Crossbreeding has been widely applied in plants and animals to make use of heterosis, to relieve inbreeding, and to introduce desirable genes into target populations. Several studies have reported an environmentdependent heterosis [i.e., heterosis × environment interaction (H × E)]. In general, heterosis is larger in a suboptimal environment than in an optimal environment, depending on traits and species (Barlow, 1981) .
An H × E interaction is usually examined by comparing the measures of heterosis in a few distinct environments or environment clusters. In beef cattle, many previous studies have analyzed heterosis × forage (or feeding) environment interaction (Arthur et al., 1999; Brown et al., 2001; Phillips et al., 2001) . In dairy cattle, Bryant et al. (2007) analyzed breed performance and heterosis in different environments including herdaverage of yield (4 levels), heat load index (4 levels), herd size (3 levels), and altitude (3 levels). The traditional method is useful in situations with few levels of environments. Generally, grouping environments could have some disadvantages. First, if a continuous underlying scale exists, the grouping could be more or less arbitrary (Strandberg, 2006) . Second, the grouping ignores the variation of environment effects within group. Third, it may lead to inefficient estimation of parameters.
To deal with a large number of environment levels (e.g., herd-years) in the analysis of H × E interaction, an alternative approach could be to apply reaction norm model. Reaction norm models have been used in analysis of additive genetic and environment interaction, especially in dairy cattle (Calus et al., 2002; Kolmodin et al., 2002; Oseni et al., 2004) . Su et al. (2006) developed a method to estimate environmental value simultaneously with other parameters in a reaction norm model.
It is a statistical challenge to distinguish production environment effect, heterosis, and breeding value in a hybrid population, provided H × E interaction. The objectives of the present study were: a) to propose a reaction norm model to analyze H × E interaction, b) to develop a computing method for the proposed model, and c) to test the algorithm for the proposed model and method using simulated dairy cattle data. In addition, the effect of ignoring H × E interaction on predicted breeding value was investigated, based on the simulated dairy cattle data.
materIaLS anD metHODS

Model
The proposed model partitions heterosis into 2 components. The first one is environment-independent heterosis, which is described as a regression on heterozygosity, and the second is environment-dependent heterosis, which is described as a regression on the product of heterozygosity and environmental value.
The proposed reaction norm model is an extension of a traditional regression of heterosis on heterozygosity (h) based on the dominance theory. In a traditional regression model, heterosis is expressed as heterosis = bh.
In the situation of H × E interaction, the regression coefficients (b) are different in different environments. Assume that environments can be quantified as an environmental gradient, the regression coefficients can be described as a function of environmental values:
where b i is the regression coefficient and u i is the environmental value for environment i and f k i u ( ) is the kth function of environmental value u i .
For example, there are 5 environments with an environmental gradient u ' = (10, 15, 20, 25, 30) , and the regression coefficients of heterosis on heterozygosity in the 5 environments are b ' = (10, 12, 14, 16, 18) . It can be seen that there is a linear relationship between b and u. Thus, b can be described by a function:
which gives solutions β 0 = 6 and β 1 = 0.4.
In the situation of nonlinear relationship between b and u, say b' = (13.0, 15.5, 17.0, 17.5, 17 .0), b can be described by a function as:
where u 2 is the vector of u i 2 . This results in β 0 = 5, β 1 = 1, and β 2 = −0.02.
As demonstrated above, in the case of a large number of environment levels, H × E interaction can be accounted for using a reaction norm with few parameters. Therefore, an observation (y ij ) involved in H × E interaction can be modeled as:
where µ is the intercept, u i is the effect of production environment i, h j is the heterozygosity of animal j, f k i u ( ) is the kth function of u i , β 0 is the regression coefficient associated with h j , β k is the regression coefficient associated with h u j k i f ( ), a j is the additive genetic effect of animal j, and e ij is the random residual.
Restricting to linear H × E interaction, the model is simplified as:
For nonlinear H × E interaction, it is difficult to predetermine appropriate functions to describe nonlinear pattern. Moreover, because the model includes various functions of environmental values, it is difficult to construct mixed model equations in terms of production environment effects. Therefore, the proposed model applies linear spline regression to fit the total heterosis [i.e., using linear regression for each subrange of independent variables (environmental values in the current study) to approximate a nonlinear regression]. Let T k (k = 1, 2, … m) be the value of knot k (the start point of subrange k). If T k ≤ u i < T k+1 :
Thus, each u i contributes to 2 covariates, and φ φ
consequently, β 0 and β k are not identifiable. Thus, the total heterosis is expressed as: .
[3]
In matrix form, the reaction norm model can be written as
where b is a vector of the fixed effects (location parameters in Bayesian setting) except for the regressions associating with environmental value u, u is a vector of production environment effect, γ is a vector of regressions on the product of heterozygosity and function of environment effect (reaction norm), a is a vector of additive genetic effect, e is a vector of residuals, and X, Z u , H, and Z a are incidence matrixes. The nonzero elements of the matrices H are the functions of environmental value u. In the model, u is treated as random to avoid problems with identifiability. To make description convenient, in the context, location parameters (b, u, γ, and a) are expressed as fixed and random effects (which are usually used in likelihood setting), though the terms are seldom used in Bayesian settings. The conditional distribution of y is assumed to be normal having the form:
where R is the residual covariance matrix. To make demonstration easy, in the context, the residual variance is assumed to be homoscedastic and the residuals are independent of each other, such that R = Is e 2 , where I is the identity matrix and s e 2 is the residual variance. To estimate the environmental covariates, the regression coefficients of the reaction norm, and the other parameters of the model simultaneously, a Bayesian Gibbs sampling approach was developed on the basis of the methodology reported by Su et al. (2006) .
Prior Distributions and Joint Posterior Distribution
The prior distributions of b and γ are assumed to be improper uniform,
The random vectors of u and a are assumed to have normal prior distributions: 
Fully Conditional Posterior Distribution of the Location Parameters θ
Let θ be the vector of all location parameters except for u [i.e., θ = (b′, γ′, a′)′], the fully conditional posterior distribution of θ is:
Further, assuming u known, define:
Thus, the fully conditional posterior distribution of θ can be expressed as: It can be shown that posterior distribution of location parameters θ, given dispersion parameters and u, is multivariate normal:
Letting θ i denote an arbitrary element (or set of elements) of θ and θ −i denote the vector of θ excluding θ i , the fully conditional posterior distribution of θ i is:
[10]
Fully Conditional Posterior Distribution of u
The density of the fully conditional posterior distribution of u is:
Reparameterization for Linear H × E Model. For a linear H × E model, an observation y can be described as: where Z u * is the incidence matrix obtained by replacing the nonzero element in the jth row of matrix Z u with (1 + γ 1 h j ).
Reparameterization for Nonlinear H × E Model. In the case of a nonlinear H × E model, the reparameterization can be done as follows:
Thus, the reaction norm model [4] for a nonlinear H × E interaction has an alternative form as:
where t is the vector with element
, Z u * is the incidence matrix obtained by replacing the nonzero element in the jth row of matrix Z u with
Without knowing the range of environmental values, it is difficult to assign a set of reasonable values for the knots using the original scale. To simplify the implementation, the current model uses predetermined knot values in units of standard deviation of environment effects, say T * , the knot values in the original scale are assigned dynamically during Gibbs sampling process as:
where σ u(i) is the standard deviation of u in the ith iteration.
Fully Conditional Distribution. Assuming that θ is known, for a linear reaction norm model, define:
For a nonlinear reaction norm model, define: and for the ith element of u, the fully conditional posterior distribution is: [18]
Fully Conditional Posterior Distribution of Dispersion Parameters
The fully conditional posterior distribution of disperse parameters are recognized as scaled inverse χ 2 distributions. Thus, 
where ν i (i = e, a, u) is the degree of freedom and s i 2 is the scale parameter for the prior distribution of s i 2 , n is the number of observations, n u is the order of u, and n a is the order of a.
Implementation of the Gibbs Sampler
The algorithm of Gibbs sampler for the proposed reaction norm model is as follows:
, , and s e 2 . For a nonlinear H × E model, provide also knots (can be expressed as standard unit of u). The computing program for the proposed model was developed and integrated into the DMU-package (Madsen and Jensen, 2004; Madsen et al., 2006) . In the actual implementation, the "iteration on data" technique, which avoids storing C θ and C u , was applied.
Simulation Studies
Data Generation. The proposed method was evaluated using a simulation study. Data were generated according to a structure mimicking dairy cattle but simplifying the method of selection and replacement.
The data were produced in 2 steps. In the first step, data were generated without considering herd-year effect and heterosis. An observation of base generation was generated using a model: The cows and young bulls were selected randomly. The proven bulls were selected on the phenotypic means of their daughters. From yr 3 and onward, approximately 25% of the cows in population I were inseminated with the semen imported from population II, but all daughters of young bulls were used for replacement. Cows did not move from one herd to another. The breeding scheme for the 2 populations is shown in Table 1 .
At the second step, herd-year effect was generated from u N ũ ( , ) 0 2 s and total heterosis was generated as a function of breed heterozygosity (het) and herd-year effect (u) as:
Thus, a final observation was generated as:
The simulation study included 4 scenarios with regard to the size of additive genetic and herd-year variation (M = moderate variation and S = small variation in the context). For each scenario, 10 replicates were generated. The parameters used in the 4 scenarios are reported in Table 2 . Data for the first parity of population I were used in the current analysis.
To simplify simulation procedure, Mendelian sampling term was generated from a distribution e~ ( , . ) , To evaluate the feasibility of ignoring inbreeding, a data set was simulated according to the present population structure with s a 2 = 120 and s e 2 = 280. Based on this data set, F p ranged from 0 to 0.158 with mean of 0.001. For the individual in the last birth year, the mean of F p was 0.003. The proportion of F p over 0.02 was 1% in the whole population and 4% in the last birth year. The proportion of F p over 0.05 was 0.25% in the whole population and 0.55% in the last year. These suggested that the effect of ignoring inbreeding on simulated data could be negligible.
Statistical Analysis
The simulated data were analyzed using 4 alternative models. Model 1 ignored H × E interaction, , where γ bp was the regression on breed proportion (population II), γ 0 was the regression coefficient on breed heterozygosity (H 0 ), u was the vector of random herdyear effect, a was the vector of additive genetic effects, and e was the vector of residuals.
Model 2 used the true curve function and true covariates (H t ) to fit heterosis, and treating herd-year (u) as random effect, 
reSuLtS
Based on the parameters in the simulation, the total heterosis was different in various herd-years (Figure 1) . At a breed heterozygosity of 100%, the total heterosis was 4 in the herd-year with an effect of −2 units of standard deviation, 20 in the herd-year with an effect equal to the mean of herd-year effect, and 16 in the herd-year with an effect of 2 units of standard deviation. The maximum heterosis was 21.5 in the herd-year with an effect of 0.72 units of standard deviation.
Some realized statistics of the simulated data are reported in Table 3 . Averaged over 10 replicates, the mean breed heterozygosity was 0.5 in the last year and 0.356 across all years. Defining phenotypic variance as the sum of additive genetic variance and residual variance, the proportion of total heterosis variance to phenotypic variance was 9.6%, and the proportion of 1 MM = moderate variation of additive genetic effect and herd-year effect; MS = moderate variation of additive genetic effect and small variation of herd-year effect; SM = small variation of additive genetic effect and moderate variation of herd-year effect; SS = small variation of additive genetic effect and herd-year effect.
environment-dependent heterosis variance (H × E variance) was 1.58%. The within-herd-year H × E variance was only about 0.64% of phenotypic variance. Further, after adjusting for the herd-year mean of environmentdependent heterosis, the variance between sires for the adjusted environment-dependent heterosis was very small (0.4). In addition, there was no correlation between additive genetic effect and environment-dependent heterosis, or between dam and daughter's environmentdependent heterosis in the simulated data. The correlation between true heterosis and predicted heterosis using the proposed model (model 4) was 0.990 for the scenario with moderate variation of herd-year effects and 0.982 for the scenario with small herd-year variation (Table 4 ). The accuracies were even higher than those obtained by using true environmental covariable and treating herd-year as random effect (model 2) but slightly lower than those using true environmental covariable and treating herd-year as a fixed effect (model 3). As expected, the model ignoring H × E interaction (model 1) had the poorest prediction of heterosis.
The correlations between true breeding value and predicted breeding values were almost the same among different models (Table 5) . Ignoring H × E interaction did not significantly reduce the accuracy of predicted breeding value based on the simulated data. On the other hand, the accuracy achieved from the model using true environmental covariable and treating herd-year as fixed effect was slightly lower than the other models. In line with the amount of additive genetic variation, the accuracy of predicted breeding value was higher in scenarios with moderate additive genetic variation than scenarios with small additive genetic variation.
DISCuSSIOn
The presented study proposed a reaction norm model to analyze H × E interaction with unknown environmental covariate. The results from a simulation study showed that the model and method led to adequate inferences of heterosis and breeding value. On the other hand, ignoring H × E interaction led to a poor prediction of heterosis but did not harm the prediction of breeding value, based on the simulated data.
In the proposed reaction norm model, total heterosis consists of an environment-independent heterosis and an environment-dependent heterosis. The environmentdependent heterosis was described as a function of breed heterozygosity and environmental value (e.g., herd-year effect). Reaction norm model has the advantage of dealing with an infinite number of environment levels with few parameters. It is useful when phenotypes change gradually and continuously over an environmental gradient (de Jong, 1995) . Although reaction norm models have been widely used to analyze additive genetic effect × environment interaction in dairy cattle (Calus et al., 2002; Kolmodin et al., 2002; Shariati et al., 2007) , the present study is the first to propose a reaction norm model to analyze H × E interaction. 1 MM = moderate variation of additive genetic effect and herd-year effect; MS = moderate variation of additive genetic effect and small variation of herd-year effect; SM = small variation of additive genetic effect and moderate variation of herd-year effect; SS = small variation of additive genetic effect and herd-year effect.
Various known descriptive variables (e.g., temperature, humidity, feeding level) can be used as covariates of reaction norm, but a common used environmental gradient in practical genetic evaluation is the effect of production environment. However, the effect of production environment is unknown. One approximation is to use the average phenotypic performance of the individuals in a given environment as environmental covariate (Kolmodin et al., 2002) . Another approximation is to estimate effect of production environment using a simple linear model or a standard additive genetic model, and then use the estimate as proxy of environmental covariate (Calus et al., 2002; Oseni et al., 2004) . These approximations could be unsatisfactory in many situations, especially when the trait of interest is under selection (Calus et al., 2004; Su et al., 2006) . Su et al. (2006) developed a Bayesian reaction norm model that allows inferring environmental covariates and the other parameters in the model simultaneously. The advantage of this approach over the approximate methods has been shown in a simulation study . Therefore the proposed model applies the methodology reported by Su et al. (2006) .
The proposed model applies linear spline regression to fit nonlinear reaction form. Spline regression has the advantage of accommodating various nonlinear reaction norms including nonparametric reaction norms. One challenge in spline regression is to choose the right number and locations of the knots. Too many knots will increase complexity and the uncertainty of the estimates, whereas too few would reduce the predictive ability. Usually, the number and positions of knots in splines are chosen corresponding to the pattern of the trajectory. Knots can be dense in regions with fast changes and sparse in regions with slow changes. The strategies of choosing number and positions of knots have been reported by several studies (Biller, 2000; Zhou and Shen, 2001; Hansen and Kooperburg, 2002; Misztal, 2006) . With unknown environmental covariates, it is difficult to predetermine the positions of knots. The proposed model uses predetermined values of knots in standard deviation units of environmental values. The positions of knots in original scale are assigned dynamically during the process of Gibbs sampling. The results from the simulation study show that this technique works well.
When applying the proposed model to analyze H × E interaction, attention should be paid to interpretation of the regression coefficients in relation to the scale of the covariables. In the proposed model, heterosis is 1 Model 1 = ignoring heterosis × environment interaction; model 2 = with true environmental covariable, treating herd-year as random effect; model 3 = with true environmental covariable, treating herd-year as fixed effect; model 4 = with unknown environmental covariable and spline regression (the proposed approach). 2 MM = moderate variation of additive genetic effect and herd-year effect; MS = moderate variation of additive genetic effect and small variation of herd-year effect; SM = small variation of additive genetic effect and moderate variation of herd-year effect; SS = small variation of additive genetic effect and herd-year effect. to the properties of regression coefficient, in general, scaling environmental value (u) by a constant (e.g., by SD) will change β k but not β 0 , and scaling heterozygosity (h) by a constant (e.g., h in percentage) will change both β k and β 0 . Moving the origin of u (e.g., subtracting the mean) will change β 0 or both β k and β 0 , dependent on the feature of ϕ k (u i ). However, these changes in scale of u and h will not change the prediction of heterosis. On the other hand, moving the origin of h (e.g., subtracting a constant c) will result in biased prediction of heterosis with an amount of β 0 c for all individuals and
which is different for individuals in different environments.
The simulation study showed that the proposed model detected H × E interaction and predicted heterosis and breeding value accurately. The accuracy of predicted heterosis was even higher than the model using true environmental values and true curve function, and treating herd-year as a random effect (Table 4 ). In addition, the accuracy of predicted breeding values from the model treating herd-year as fixed effect was lower than the models treating herd-year as random effect (Table  5) . It has been shown that treating herd-year effect as random can increase the accuracy of selection (Visscher and Goddard, 1993) and the predictive ability of the model (Babot et al., 2003) . On the other hand, in the situation of an association between sire effect and herd effect or an environmental trend, treating herd-year effect as random could lead to biased estimates of breeding values (Henderson, 1973; Visscher and Goddard, 1993; Babot et al., 2003) . However, Ugarte et al. (1992) reported that even under an association between sire and herd, there is no bias in predicted breeding values in the simulated scenarios where sizes of contemporary groups are larger than 12.
Based on the simulated data, a model ignoring H × E interaction does not harm the accuracy of predicted breeding value. This can be explained from 2 aspects. First, although there was a considerable H × E interaction in the simulated populations, the variance of environment-dependent component of heterosis was small. In addition, though there was a large difference in the levels of breed heterozygosity between years, the variation within herd-year was small because sires were used randomly. In a model ignoring H × E interaction, the between-herd-year variation of H × E interaction (the major part of H × E variation) was accounted by herd-year effect. It indicates that the random error due to H × E interaction is negligible in the current simulated data.
The second reason is that in the simulated scenarios (sires were used randomly across environments), ignoring H × E interaction does not lead to systematic bias in prediction of breeding value. As shown in Table 3 , the correlation between H × E effect and breeding value, and between dam and daughter's H × E effect, is close to zero. The variance between sires for H × E effect, after correction for herd-year mean of H × E interaction, is extremely small. These results indicate that ignoring H × E interaction does not increase or decrease the resemblance between relatives. Therefore, the systematic error due to ignoring H × E is negligible.
However, ignoring H × E in genetic evaluation might lead to a serious problem in situations other than those mimicked by the current simulation. In the case with many close relatives with similar heterozygosities within the same herd-year, ignoring H × E could lead to a systematic error in prediction of breeding values. It would be useful to carry out further studies on the influence of ignoring H × E on prediction of breeding value, with regard to various breeding schemes and population structures.
The proposed model and method were developed to handle H × E interaction using a reaction norm with few parameters. This approach could be a good alternative to estimate H × E interaction and predict breeding value in situations where there are a large number of environment levels and the environments can be qualified as an environmental gradient, but not necessary to perform well in all situations. For example, to analyze environment-dependent heterosis in few levels of heterozygosity and few levels of environment, the traditional classified interaction model could be the best choice.
The weakness of this study was that there were some flaws in simulating data. In the simulation study, data were generated to mimic dairy cattle populations. However, the properties of the simulation were not really agreeable with real-life scenarios, due to simplifying the simulation procedure. First, the simulation did not generate history generations to create the difference in allele frequencies between 2 populations, and a certain level of inbreeding. Second, the Mendelian sampling terms for offspring were generated without considering inbreeding coefficients of parents. Third, the function to create heterosis leads to a negative heterosis in environments with a value less than −2.4 standard deviation, which could be not realistic.
COnCLuSIOnS
The present study is the first to parameters of the model simultaneously. A simulation study shows that the proposed model detects H × E interaction and predicts heterosis and breeding value accurately. Therefore, the proposed model could be a good approach to estimate H × E interaction and predict breeding value in situations in which heterosis changes gradually and continuously over an environmental gradient.
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